Introduction
In recent years there has been increased interest in neuroimaging statistical mapping techniques that are structurespecific. The underlying belief is that analysis that takes into account the unique properties of specific anatomical structures and focuses its attention on these structures can be more sensitive than analysis performed over the whole brain. Furthermore, analysis that restricts its attention to structures of interest produces inferences that are also structure-specific. Such inferences can be communicated and visualized more effectively than whole-brain results, since they can be described and presented in the context of well-known structures. Thus for instance, a significant cluster at the tail of the hippocampus is easier to describe and visualize than a cluster at a certain position in Talairach space. Another key feature of structure-specific analysis is the ability to combine or average data along anatomically meaningful directions while respecting the boundaries between structures, as opposed to uniform smoothing over the whole brain.
Structure-specific analysis requires a suitable representation for the anatomical structures of interest, and the main aim of this paper is to provide a representation that is particularly well-suited for analyzing white matter structures in diffusion MRI studies. White matter tracts are thin, sheet-like or tube-like structures, and as such can be effectively described using skeletons. This fact is leveraged in the tract-based spatial statistics (TBSS) approach [18] , although there skeletons are derived for the entire white matter region and no distinction between white matter structures is made. In this paper we propose to use the continuous medial representation (cm-rep) [26] to model individual white matter tracts. The advantage of using cm-reps, as opposed to skeletonization, is that the skeleton of the structure of interest is represented by a parametric surface. A parametric representation of the skeleton allows us to perform surface-based statistical analyses similar to those used in cortical flat-mapping (e.g., [22] ).
One of the main motivations for representing white matter tracts using parametric geometrical models is to offer an alternative to smoothing in situations where it is necessary to increase the sensitivity of statistical analysis at the cost of specificity. Whereas isotropic smoothing reduces the locality of detectable statistical differences equally in all directions, geometrical models provide a way to combine and collapse data in the context of the structure of interest, making it possible to reduce the locality along "less interesting" directions while maintaining specificity along the directions that are more meaningful. One way to apply such shapebased averaging is to reduce the dimensionality of a volumetric dataset to a two-manifold that is representative of the overall shape of the dataset. For thin structures, the skeleton is an ideal manifold onto which to project volumetric data. This paper includes several contributions. First, it presents a compelling framework for representing white matter structures, reducing the dimensionality of diffusion tensor data, and analyzing white matter differences between clinical populations. Second, to our knowledge, this is the first paper to use medial models to represent white matter tracts in 3D (a number of papers represent the midsagittal cross-section of the corpus callosum with 2D medial models [6, 20] ). Major white matter tracts (fasciculi) with sheetlike geometry are modeled in this paper: the corpus callosum (CC), corticospinal tract (CST), inferior longitudinal fasciculus (ILF), superior longitudinal fasciculus (SLF), inferior fronto-occipital fasciculus (IFO) and uncinate fasciculus (UNC). Finally, this paper presents a novel extension of the cm-rep approach by defining cm-rep models using triangular (rather than quadrilateral) meshes over arbitrarily shaped domains and developing a new automatic modelbuilding procedure.
The new framework is demonstrated by application to statistical mapping of white matter tracts in chromosome 22q11.2 deletion syndrome (DS22q11.2). Cluster analysis performed on the medial surfaces of white matter tracts yields a number of statistically significant findings indicating that DS22q11.2 is associated with differences in diffusivity in three of the tracts.
The paper is organized as follows. Section 2 briefly reviews the various approaches to white matter analysis and motivates the medial-based structure-specific mapping framework. The methodology (atlas-building, model initialization, fitting and statistical analysis) is described in Section 3. Results from the 22q study are presented in Section 4. The discussion in Section 5 focuses on the next steps in the implementation of the structure-specific analysis framework, such as direct automatic fitting of medial tract models to DTI data.
Background
The traditional approach to structure-specific analysis of diffusion imaging data has been to identify regions of interest and integrate diffusion-based measurements over these regions, forming a small number of statistical features [7] . The advent of fiber tracking algorithms [13] has made it possible to map out DTI-based statistical features along the length of fiber bundles. A number of authors [4, 10] identify bundles of fibers with similar shape and make inferences on the base of bundle centerlines; this approach is well-suited for tubular structures, but larger sheet-like structures like the corpus callosum have to be divided into several tubular bundles. Our approach is designed to analyze sheetlike structures as a whole, and is highly complimentary to bundle-based methods: one could use our models for sheetlike tracts and bundle-based analysis for tube-like tracts.
Another approach to white matter analysis involves adapting voxel-based and deformation-based morphometry [2] to diffusion data. Whole-brain morphometry is tailored for exploratory analysis, and serves different needs than structure-specific methods. A common approach is to normalize the subjects' structural images (T1, T2, or in some cases, FA) to a standard whole-brain template (e.g., [5] ). More recently, specialized deformable registration methods for diffusion data have been developed [27, 3] . Voxel-based morphometry in DTI has been applied in a large number of studies. One of the concerns raised about the standard VBM approach in DTI data is that structure boundaries and within-structure directional information are not taken into account during smoothing and analysis [8] . The tract-based spatial statistics (TBSS) framework for DTI morphometry addresses this limitation by incorporating the geometric properties of white matter tracts in the analysis. This is achieved by using registration to compute a "mean FA" image, thresholding this image, computing the skeleton of the thresholded region, projecting the subjects' FA values onto the skeleton, and performing statistical analysis on the skeleton. TBSS leverages the fact that the skeleton is a natural representation for white matter structures, which are thin sheet-line or tube-like objects. One of the limitations, however, is that by operating on the mean FA image, TBSS may ignore differences in fiber orientation between adjacent tracts, lumping them together into a single structure. Thus the skeleton computed by TBSS may not correspond to the skeletons of the individual tracts at such locations.
Our paper also represents white matter structures medially. However, unlike TBSS, we use medial models to represent specific white matter structures of interest, rather than all of white matter. By deriving our segmentations using tractography, we are able to distinguish between adjacent tracts. The use of parametric medial models with predefined topology simplifies statistical analysis and makes it possible for the rich collection of statistical tools and visualization approaches developed in the cortical flat-mapping literature to be applied to white matter studies. This is illustrated by the surface-based cluster analysis presented at the end of this paper.
Materials and Methods
Our analysis framework includes three methodological components: atlas-based white matter normalization, geometrical modeling of major tracts, and tract-specific statistical analysis. These components are described in detail in the sections below.
Unbiased Symmetric White Matter Atlas
A population-specific white matter atlas is constructed from all subjects in a given study using an iterative unbi- ased averaging algorithm similar to [9] . An initial atlas is computed as an average of the original subject diffusion tensor images. The template is then iteratively refined by repeating the following procedure: register the subjects to the atlas, then compute a refined template for the next iteration as an average of the normalized images. This procedure is repeated until the change between atlases from consecutive iterations become sufficiently small. During each iteration, the diffusion tensor images are registered to the respective atlas estimate using a registration algorithm that leverages full tensor-based similarity metrics while optimizing tensor orientation explicitly. A symmetric white matter atlas, which provides correspondences between left and right hemispheres, is constructed by repeatedly registering the population atlas and its mirror image across the midsagittal plane to their average.
Tract Segmentation
White matter tracts were generated by fiber tracking in the symmetric atlas using the streamline tracking algorithm FACT [12] with FA threshold of 0.15 and an inner product threshold of 0.7, which prevents angles larger than 45 o during tracking. A fiber was tracked from the center of any voxel with a FA > 0.2. Fiber bundles of interest were extracted from the set of all fibers by defining two regions of interest (ROI) through which the fibers in each bundle must pass. These ROIs were defined in the symmetric atlas using anatomical features prescribed by the established protocol of Mori et al. [13] . Extraneous tracks were removed manually, which in the future we intend to do automatically using clustering-based outlier detection [4] . Resulting fiber bundles were rasterized to form binary masks.
Geometrical Modeling of Major Tracts
Geometrical modeling of white matter tracts involves fitting deformable cm-rep models to tract segmentations. Medial models [16, 26] are models that describe the skeleton and the boundary of a geometrical object as parametric surfaces with a predefined topology and also describe the geometrical relationship between the skeleton and the boundary. Unlike earlier medial representation methods, this paper uses Loop subdivision surfaces [11] as the representation for the model's skeleton. Loop subdivision surfaces are an interpolation scheme that refines a triangular control mesh to a continuous surface. The use of triangular control meshes is a significant departure from earlier medial representation work that used quadrilateral meshes, since the former allow much more freedom in modeling skeletons. For example, the bifurcations seen in the CC and IFO (Fig. 4) would be very difficult to model with a quadrilateral mesh or a parametric surface defined over a rectangular domain.
A cm-rep model defines a mapping m : Ω → R 3 from some domain Ω ∈ R 2 . Triangular meshes make it possible to define m over an arbitrary domain Ω rather than a rectangular region over which quad meshes are defined. The mapping m, along with a positive function R : Ω → R + describes the skeleton of the cm-rep model. The function R is called the radius scalar field and it describes the distance from the skeleton to the model's boundary. The boundary of the deformable model is derived from the skeleton using inverse skeletonization [26] . Let m be the skeleton of some object O and let R be the corresponding radius function; assume that m is a manifold (this is the case for a special class of objects, which we call simple). Then the boundary of O can be divided into two halves that fall on the opposite sides of the m. These halves, b + and b − have an analytical expression in terms of m and R:
where N m is the unit normal to m and ∇ m R is the gradient of R on the manifold m (i.e., Riemannian gradient). The expression above defines inverse skeletonization. Our definition of inverse skeletonization above is conditional on m and R forming the skeleton of some object O. Indeed, an arbitrary surface patch m defined on some domain Ω ∈ R 2 and arbitrary positive function R : Ω → R + may not form the skeleton of any object, as in the case when m self-intersects, or if ∇ m R > 1 at some point on m. Thus, inverse skeletonization is possible only for a particular subset of (m, R) pairs. The sufficient conditions of inverse skeletonization are given in [26] . They include several inequality constraints and an equality constraint
i.e., that must be satisfied along the edge of the surface patch m. This constraint ensures that the two surfaces b + and b − come together to form a boundary of a region in R 3 . The inequality constraints in [26] require that the mappings from Ω × [0, 1] to R 3 given by Figure 2 . Binary segmentations of the six white matter structures studied in this paper, shown from different viewpoints. Segmentations were performed in the symmetric atlas space. Some of the tracts overlap, indicating underlying fiber crossings. Our approach of generating segmentations from fiber tracking rather than by labeling a thresholded FA image allows for such overlaps.
well-defined and one-to-one. In practice, this constraint is often relaxed to require R > 0, ∇ m R ≤ 1 and the Jacobian of x to be positive. Given a parametric representation of m and R (e.g., using b-splines), the constraints of inverse skeletonization can be satisfied in different ways: by adapting the domain Ω such that (3) is satisfied along ∂Ω [25] ; by defining R as a solution of a Poisson partial differential equation with the boundary condition identical to (3) [26] ; by using specially designed basis functions to model the surface m [21] ; or, as we do in this paper, by admitting solutions that slightly violate the equality constraint (3) and correcting these solutions by local adjustment. While this latter approach may not be as elegant as the previous ones, it behaves sufficiently well in practice.
Refinement of Loop subdivision surfaces [11] involves splitting each edge in a parent-level mesh by inserting a new vertex; the coordinates of the vertices in the new mesh are updated according to a set of subdivision rules, which take into account the type of vertex (newly inserted or carried over), its valence, and whether the vertex is on the boundary of the mesh. These rules can be represented as a multiplication by a band matrix W:
where m i is a matrix of vertices. The sequence m i converges to a continuous surface, but in practice we only deal with two or three levels of subdivision. The radius function is represented in the same way, i.e., R k =Ŵ k R 0 . Deformable modeling is achieved by optimizing an objective function over the values contained in m 0 and R 0 . Since each level of a Loop subdivision surface is a discrete mesh, the derivatives on the medial surface are not computed analytically. Instead, to compute ∇ m R at mesh node i, we use the formula given by Xu [24] , and derived from the expression for the tangent vectors to the limit surfacem of Loop subdivision:
where u k is a local parametrization corresponding to the edge (i, i k ). This formula is defined at edges of the mesh, as well as at internal vertices. The partial derivatives of the limit functionR are given by a similar formula (simply substitute R ij for m ij in the expression above). From the partial derivatives of m and R, the textbook definition of Riemannian gradient can be used to compute ∇ m R.
Automatic Model-Building for Initialization
Prior to fitting a deformable medial model to a target structure, an initial model must be generated. While it is possible to begin with a simple stock model, the freedom to choose an arbitrary domain Ω makes it possible to build data-driven initial models. With the freedom to define cm-reps over arbitrary domains comes the problem of finding the right domain and the right mesh configuration for a particular anatomical structure. We accomplish this by essentially flattening the skeleton of the structure, under constraints that minimize local distortion.
Automatic domain generation and model building employ the following pipeline. Given a binary image of the structure of interest, we first compute the Voronoi skeleton of the structure using qhull (www.qhull.org) and use simple heuristics (similar to [14] ) to prune away the least salient branches. Unlike earlier work on automatic medial model initialization [19] , we do not require the Voronoi skeleton to be pruned down until it becomes a manifold. Instead, we use the Maximum Variance Unfolding (MVU) technique [23] which finds a two-dimensional embedding of the skeletons' vertices that minimally distorts the distances between neighboring vertices. The two-dimensional embedding assigns a pair of coordinates (u i , v i ) ∈ R 2 to each of the vertices x i in the skeleton. A manifold can then be fitted to the skeleton by fitting low-degree polynomial surfaces to the data
The domain Ω is computed as a region homeomorphic to a disc in R 2 that encloses all of the points (u i , v i ). This is achieved by rasterizing the scatter plot of (u i , v i ) and applying dilation and erosion operations. To produce a quality triangulation of Ω, we sample a set of 20-40 points along its boundary and use the meshing program triangle to produce conforming constrained Delaunay triangulations [17] . The initialization pipeline is illustrated in Fig 3 using the CC as the example.
Model Fitting
Deformable cm-rep models are fitted to white matter tracts segmentations described in Sec. 3.2. The model-to-binaryimage fitting algorithm is described in detail in earlier cmrep papers [26] and involves minimizing an objective function that incorporates a measure of volumetric overlap between the interior of the deformable template and the target structure (a likelihood term), as well as prior terms that regularize the model and ensure that the constraints associated with inverse skeletonization are satisfied. Perfect overlap between the model and the target structure may not be achieved because the true skeleton of the structure may contain many branches. The whole point of model-based analysis is to approximate the target structure with a geometrical model that is simple and has consistent topology, so that model-based analysis is possible.
Statistical Features on the Medial Manifold
A key property that distinguishes medial models from boundary-based geometrical models is the ability to parameterize the entire interior of the model. Let us refer to the vectors R U ± with tail on the medial surface m as spokes. If m is a continuous surface and the constraints of inverse skeletonization are met, the spokes span the interior of the model, i.e., the region enclosed by the surface b − ∪b + . Every point inside this region can belong to only a one spoke. Let us use coordinates (u, v) to describe where the tail of a spoke is on the medial surface, and use the coordinate ξ ∈ [−1, 1] to describe a location along a spoke (when ξ > 0 it references the spoke R U + , and vice versa). Then every point x on the model's interior can be assigned a set of coordinates (u, v, ξ) , and this assignment is unique, except when (u, v) ∈ ∂Ω, in which case the spokes R U + and R U − coincide. This 3D parametrization of the model is a powerful tool, as it allows us to analyze data on the interior of structures in a shape-based coordinate system.
In this paper, we use the shape-based coordinate system to project diffusion tensors D from the interior of white matter tracts onto the tracts' skeletons. The projection is achieved by taking the log-Euclidean mean of the tensors along the spokes [1] . From the mean tensor, we derive scalar fields FA(u, v) and ADC(u, v), which serve as features in statistical analysis. These features can be visualized in 3D over the tract's medial manifold or in 2D, over the domain Ω.
Statistical Mapping on Medial Manifolds
Having reduced the dimensionality of the data, we can apply standard parametric or non-parametric statistical techniques to detect statistically significant differences between groups of subjects. In this paper we use permutationbased cluster analysis which corrects for family-wise error rate (FWER) [15] . Given maps FA p (u, v) for each of the subjects p, at each point on m, we compute a t-statistic associated with the hypothesis that the mean F A of one of the groups is greater than the mean F A of the other. We then arbitrarily choose a threshold t 0 and extract clusters on the surface m where t(u, v) < t 0 (in this context, a cluster is a connected region on m). We record the mass of each cluster (i.e., the surface integral of t over the cluster) and compare it to a histogram of maximal cluster masses generated from a large number of identical experiments in which the labels of the subjects are randomly permuted. This histogram lookup yields a p-value for each cluster. We note that the histogram of cluster masses is pooled over all structures of interest, so that the FWER correction takes into account the number of structures that we examine.
Results
The structure-specific analysis framework was applied to a study of white matter differences in DS22q11.2, in which diffusion-weighted MRI was acquired for 12 children with DS22q11.2 and 19 typically developing control children. The study and the imaging protocol are described in [20] .
The symmetric population-specific atlas for the 31 subjects is shown in Fig. 1 . The binary segmentations of the six white matter tracts (CC, CST, IFO, ILF, SLF, and UNC) are illustrated in Fig. 2 . The results of MVU unfolding and the initial cm-rep model for the CC, the largest and most non-planar of the six structures and, thus, most difficult to unfold, are shown in Fig. 3 . The results of fitting deformable cm-rep models to the target structures are presented in Fig. 4 
Discussion and Conclusions
This paper demonstrates the feasibility of using deformable medial models for structure-specific statistical mapping of DTI data in major white matter tracts. The cornerstone of this approach is the shape-based parametrization of white matter structures. Medial models are a natural representation for thin sheet-like structures because the medial manifold effectively summarizes the overall shape of structures and presents an ideal target for dimensionality reduction. Collapsing tensors by taking an average along spokes in an attractive alternative to spatial smoothing of DTI data. Both methods trade specificity off for sensitivity by averaging data from multiple locations but spoke-based averaging also reduces data dimensionality and tries to ensure that averaging is applied within the structure of interest, not across its boundaries. However, since averaging takes place in atlas space and since normalization is never perfect, there is still possibility for tensor data outside of the structure of interest to be included in the analysis. One possibility is to compute a robust mean that gives greater weight to tensors closer to the skeleton, or a mean weighted by some score of registration quality.
Explicit modeling of individual white matter tracts is particularly useful for presenting the results of white matter studies. In contrast to deterministic skeletonization, which is sensitive to noise and produces digital surfaces with hundreds or thousands of branches, the cm-rep approach yields a single approximating, but robust, medial surface for each of the tracts. This simple parametric representation allows statistical mapping of individual tracts and makes for an easy and attractive way to visualize and interpret statistical differences. It is even possible to establish a Talairach-like canonical coordinate space for each of the tracts, where the results from different white matter studies can be compared.
Although we demonstrated the structure-specific method in an application to exploratory statistical analysis, the approach is particularly well suited for studies where a priori hypotheses regarding specific structures are available.
There are a number of ways to improve the current method. Firstly, in the current experiment we only fitted cm-rep models to tract segmentations in atlas space. The dimensionality reduction of tensor data along spokes also took place in atlas space, meaning that in subject space the averaging takes place along curves that are not guaranteed to extend from the medial axis to the boundary, since deformable registration does not preserve medial geometry. An alternative approach is to fit cm-rep models to tract segmentations in subject space. This can be achieved by warping the binary segmentations from the template to each of the subjects, and fitting a cm-rep model to each of these warped segmentations. This way, the registration component would do what it is best at: align the boundaries of structures, while the normalization of the structure interiors would be based on the geometrical correspondences generated by cm-rep fitting. Another extension of this method would be to incorporate automatic tract segmentation into the framework. Medial model fitting algorithms can incorporate image-based similarity metrics, as well as shape priors, making them well-suited for prior-based segmentation. In diffusion data, priors can incorporate the relationship between the spoke direction and principal directions of diffusion, which one expects to be more or less orthogonal.
